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Single cell RNA-sequencing (scRNA-seq) is a recent innovation that allows sequencing of 
transcriptomes from a vast number of single cells, thus providing an unbiased view of cell-to-cell 
variability in gene expression within a population of cells. The Tschudi laboratory has previously 
established an in vitro differentiation system based on the inducible expression of the RNA-
binding protein 6 (RBP6) in cultured non-infective procyclics, which recapitulates Trypanosoma 
brucei developmental stages that have been previously described in tsetse fly vector. Thus, I aimed 
to utilize scRNA-seq in this system to describe the potential heterogeneity in transcript abundance 
of known and suspected T. brucei developmental genes, to determine if monoallelic expression of 
metacyclic variable surface glycoproteins (mVSGs) occurs from early onset of metacyclic 
development, and to establish if differential expression of RBP6 affects life-cycle progression 
capacity. Employment of 10x Genomics, Inc. scRNA-seq and downstream analysis with Partek® 
Flow® software revealed a baseline of heterogeneity present in uninduced cells. As differentiation 
starts, clusters emerged that are representative of induction of metacyclogenesis by RBP6, where 
T. brucei developmentally progress from procyclics to epimastigotes to metacyclics as it occurs in 
the tsetse fly vector. The three clusters of cells were marked by the surface protein genes of brucei 
alanine-rich proteins (BARP) and mVSG, or lack thereof. The presence of these clusters at both 
day two and day four of induction suggested that cells progress through metacyclogenesis at 
varying rates, with some cells unproductive in development. T. brucei cells appeared to have 
polyallelic early onset expression of mVSG prior to singular expression of an mVSG. The single 
cell polyallelic expression of mVSG happened at a distribution similar to population level 
expression, indicating either random chance selection of an mVSG or quorum sensing.    
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 Trypanosoma brucei is a unicellular parasite that is the causative agent of Human African 
Trypanosomiasis (HAT), or African Sleeping Sickness, and nagana, or animal trypanosomiasis. 
Rural populations are disproportionately afflicted with HAT, as transmission occurs through the 
bite of Glossina spp., the tsetse fly, which is endemic to rural areas of Africa (Büscher et al., 2017). 
The World Health Organization (WHO) has reported that the number of HAT cases has greatly 
decreased over the last two decades with an overall target to eliminate the disease by 2020 (WHO, 
2018). Yet, historically, HAT occurs in epidemic waves that are often followed by lulls in political 
and monetary commitment that lead to a resurgence in disease (Franco et al., 2014). Moreover, 
nagana has a substantial socio-economic impact on afflicted communities, with an estimated 
annual loss of 1.2 billion USD due to reduction in cattle herds (Ilemobade 2009). Thus, answering 
the questions that remain in regard to tsetse fly-specific T. brucei development into the 
transmissible form offers an avenue to prevent further disease.  
RNA binding proteins have been implicated to play a central regulatory role in gene 
expression in trypanosomes through post-transcriptional mechanisms (Kolev et al., 2014). To 
address the array of questions revolving around development of T. brucei, our lab serendipitously 
developed a T. brucei cell line capable of inducibly overexpressing the RNA Binding Protein 6 
(RBP6), which results in developmental progression from procyclic to epimastigote to metacyclic 
trypanosome forms that mimics natural development through the midgut, proventriculus, and 
salivary glands of the tsetse fly (Kolev et al., 2012). These stages are characterized by changes in 
the protein coat covering the surface of the parasite, with procyclics expressing procyclin 
(Richardson et al., 1988, Roditi et al., 1989), epimastigotes expressing brucei alanine-rich proteins 
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(BARPs) (Urwyler et al., 2007), and of particular interest, metacyclics expressing variable surface 
glycoproteins (mVSGs) (Tetley et al., 1987).  
There are five known, as well as three newly identified, mVSGs that are expressed from 
specialized transcription units at the ends of chromosomes, termed metacyclic expression sites 
(MES) (Kolev et al., 2012, Müller et al., 2018). The monoallelic expression of MES results in a 
single mVSG protein present on the surface of each cell (Ramey-Butler et al., 2015). On a 
population level, expression of the five known mVSGs occurs with a reproducible distribution 
(Christiano et al., 2017). However, it is not known whether monoallelic expression of mVSG 
occurs from the very early onset of VSG expression of a cell or if expression of multiple metacyclic 
expression sites continues until expression of a single MES begins to dominate.  
There have been a number of studies investigating T. brucei genes that are differentially 
expressed throughout the development from procyclics to metacyclics. For instance, through high-
throughput RNA-sequencing, Savage et al. (2016) identified that as T. brucei progresses through 
the tsetse fly, genes encoding the cell surface phylome have the greatest differential expression, 
reflecting the respective proteins that phenotypically characterize each life-cycle stage. Christiano 
et al. (2017) analyzed RNA-seq data with DESeq2 and protein abundance by mass spectrometry, 
reiterating Savage et al.’s findings and revealing a shift in the expression of metabolic genes. RNA-
seq analysis of the RBP6-inducible system by Shi et al. (2018) discussed the differential expression 
of mVSG, metabolic genes, and environmental sensors. Furthermore, Cestari & Stuart (2018) 
reviewed specific genes that influence T. brucei VSG expression, concluding that the inositol 
phosphate pathway largely regulates VSG expression. However, these studies have only 
characterized genes differentially expressed during metacyclogenesis from a population 
perspective. Previous studies with the RBP6 inducible cell line have shown that only 
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approximately 40-50% of the cells in an induced population successfully develop through 
metacyclogenesis to the metacyclic stage (Kolev et al., 2012). A similar developmental bottleneck 
occurs during metacyclogenesis in the tsetse fly (Oberle et al., 2010). Heterogeneity of 
developmental gene expression amongst single cells may contribute to only a proportion of a 
trypanosome population successfully progressing through metacyclogenesis. Yet, standard RNA-
sequencing methods are unable to provide the depth of information necessary to investigate such 
hypotheses.   
Single-cell RNA-sequencing (scRNA-seq) is a recent innovation that allows for 
sequencing of transcriptomes from a vast number of single cells, thus unlocking a breadth of 
knowledge not previously available. ScRNA-seq provides a resolution of the heterogeneities 
present within cell populations that cannot be identified by traditional RNA-sequence methods 
used for population transcriptomics. Gasch et al. (2017) employed scRNA-seq to analyze 
Saccharomyces cerevisiae transcriptomes, ultimately displaying heterogeneity in expression of 
regulatory genes at baseline and after induction of a stress response. Moreover, it was revealed 
that some cells had extremely low transcript abundance for genes that were previously identified 
as having high transcript abundance in populations by standard RNA-sequence methods (Gasch et 
al., 2017). Within the parasite field, Poran et al. (2017) identified that up-regulation of AP2 
transcription factors, among other genes, may be responsible for only a subset of Plasmodium 
falciparum cells undergoing sexual commitment. In addition, single-cell RNA-seq has only 
recently been used in the trypanosome field to examine expression of VSG genes (Müller et al., 
2018). The contributions that scRNA-seq has made to these fields of study, as well as its first 
successful application in the trypanosome field, indicates its potential in investigating unanswered 
questions revolving around metacyclogenesis and mVSG expression.  
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Thus, I aimed to utilize single-cell RNA-sequencing to describe the potential heterogeneity 
in expression of known and suspected T. brucei developmental genes, to determine if monoallelic 
expression of mVSGs occurs from early onset of metacyclic development, and to establish if 
differential expression of RBP6 affects life-cycle progression capacity. I hypothesized that 
individual cultured procyclic T. brucei cells would display mRNA heterogeneity amongst the 
genes associated with development from procyclic to metacyclic forms, as well as for the levels of 
RBP6 transcripts. Additionally, I hypothesized that monoallelic expression of an mVSG likely 
does not occur from early onset of mVSG expression, but rather is a gradual process of narrowing 
down a broadly random expression of all mVSGs to the expression of a single mVSG. 
Implementing single-cell RNA-sequencing to investigate these hypotheses provided an avenue to 
characterize how gene expression heterogeneity within a population can both influence and evolve 
during metacyclogenesis of trypanosomes, as well as potentially establish scRNA-seq as a useful 




RBP6 Expression Construct 
 Our lab has previously described the construction of an RBP6 inducible cell line (Kolev et 
al., 2012). To investigate the underlying reason for why only a subset of T. brucei cells successfully 
progress through development to metacyclic forms, two new RBP6 inducible cell lines were 
designed. Altering the 3’UTR of the original construct allows for similar induction while 
differentiating endogenous RBP6 transcripts from those resulting from induction of RBP6. A 
pLEW100v5 plasmid containing the RBP6 coding sequence with an aldolase 3’UTR from T. 
brucei was digested to remove the 3’UTR and a 3’UTR from a closely related parasite, 
Trypanosoma congolense, was inserted. Two separate constructs were made, either with the 
3’UTR of α-tubulin or the 3’UTR of aldolase from T. congolense. These genes are conserved in 
T. congolense and T. brucei, yet have 3’UTRs that provide sufficiently divergent sequences to 
differentiate the endogenous and the transgene transcripts in the induced system. Sequences for 
the 3’UTRs were obtained from TriTrypDB and then BLAST analyzed to ensure homology is not 
present within the T. brucei genome. Oligonucleotide primers were used for the 3’UTR constructs, 
with the forward primers containing the BamHI site and the reverse primers containing the PstI 
restriction site. The primers were used to PCR amplify the 3’UTRs for insertion into the plasmid. 
Following digestion and purification, the α-tubulin and aldolase 3’UTRs were ligated into purified 
pLEW100v5 plasmid that had also been digested with BamH1 and Pst1 enzymes and de-
phosphorylated. The new plasmids containing either an α-tubulin or aldolase 3’UTR were 
transformed into Escherichia coli DH5α, plated on LB agar with ampicillin to select for bacteria 
that had been successfully transformed with the plasmid, and individual bacterial colonies were 
inoculated into LB broth with ampicillin to amplify the plasmid. Constructs that were verified by 
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DNA sequencing to have the 3’UTR successfully inserted were linearized via digestion with NotI 
enzyme and precipitated in preparation for transfection into procyclic T. brucei cells.  
 
RBP6 Inducible Cell Line 
 The linearized RBP6 constructs containing either T. congolense α-tubulin or aldolase 
3’UTRs were transfected in parallel into Trypanosoma brucei Lister 427 (29-13) cells. After 
allowing the transfected cell culture to grow for approximately 24 hours, the antibiotic blasticidin 
was added to the culture to select for cells with successfully transfected and integrated DNA. To 
select for the T. brucei cells that have inserted the construct into a non-transcribed ribosomal DNA 
spacer, cloning of the cells was performed. To do this, cells were serially diluted with feeder cell 
culture into 96 well-plates with 100 µl of volume per well. This culture also contained G418, 
hygromycin and blasticidin antibiotics that target the feeder cells, leaving T. brucei transfected 
cells. The well-plate cultures were grown for approximately 10 days and then microscopically 
checked for growth. The sections of the plates that had sporadic growth indicated a population that 
likely resulted from a single cell. The cells in these wells were passed multiple times with a gradual 
increase in media volume. The α-tubulin construct and aldolase construct transfected cells were 
analyzed via western blot to determine the strength of RBP6 expression, as well as microscopically 
checked for display of the expected phenotype (progression to metacyclics given induction). The 
cell line with the strongest RBP6 expression and display of the expected phenotype was selected 
for further analysis.  
 
Induction of Clonal Cell Lines 
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 The pLEW100v5 plasmid has been designed so that the promoter driving RBP6 expression 
is under the control of the Tet Repressor (TetR). Thus, when doxycycline, an antibiotic similar to 
tetracycline, is added to the inducible RBP6 cell line, TetR is removed from the promoter so that 
transcription of RBP6 can occur. Previous research from our lab has indicated that mVSG 
expression appears at low levels in induced RBP6 cells on day one of induction and begins to peak 
on day four of induction (Ramey-Butler et al., 2015). Thus, doxycycline was added to four 
populations of RBP6 inducible cells in a sequence of four days, samples D1, D2, D3, and D4, with 
a parallel population of cells being uninduced (control, D0). These cells were processed together, 
thus, those that are induced on day one are given four days of induced growth and those induced 
on day four are given one day of induced growth. The concentration of cells in each sample was 
assessed by microscopy, as well as by Countess II Automated Cell Counter, in order to determine 
the exact volume of sample necessary for the target concentration of 3x105 - 1x106 cells/ml culture 
for scRNA-seq (10x Genomics, Inc., 2017a). The aim was to successfully sequence 3,000 cells for 
analysis of this project.  
 
10x Genomics, Inc. Single Cell RNA-Sequencing 
10x Genomics, Inc. scRNA-seq was performed by Dr. Guilin Wang at the Yale Center for 
Genome Analysis (YCGA). Single cell RNA-sequencing is a novel next generation sequencing 
method where cells are isolated and their mRNA material is sequenced to provide a resolution on 
the most basic level. 10x Genomics, Inc. is a relatively new company that has developed the 
Chromium System that specializes in scRNA-seq. The 10 Genomics, Inc. Single Cell 3’ GEM Kit 
v3,  the Single Cell 3’ Library Kit v3, and the Single Cell 3’ Gel Beads v3 were utilized by Dr. 
Guilin Wang at YCGA. Specifically, a suspension of single cells from each sample was combined 
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with a prepared master mix of reverse transcription reagents from the Cell 3’ GEM Kit v3. This 
mixture, partitioning oil, and gel beads consisting of millions of barcoded oligonucleotides, were 
separately loaded onto the 10x Genomics, Inc. Chromium Chip B (a well plate). The Chromium 
Chip B was placed into the Chromium Controller, which uses microfluidics to create “Gel Beads 
in EMulsion” (GEMs) that each contain one cell, reverse transcription reagents, and a gel bead 
with barcoded oligonucleotides. The solution of GEMs was incubated to lyse the cell, dissolve the 
gel bead, and initiate reverse transcription within each GEM (10x Genomics, Inc., 2018b). This 
results in the cDNA synthesized from the transcriptome of each cell having a unique barcode that 
could be used during alignment and analysis (10x Genomics, Inc., 2018a). In addition, each 
transcript has a unique molecular identifier, or UMI, that is necessary for analyses (10x Genomics, 
Inc., 2017b). The barcoded cDNA were pooled, purified, and amplified via PCR to prepare for 
library construction. The Single Cell 3’ Library Kit v3 reagents were used to construct a library 
that was then sequenced by the Illumina sequencing technology (10x Genomics, Inc., 2018b).  
 
Annotated Alignment File 
 To narrow the scope of the scRNA-seq data to only what is necessary to address the aims 
of this project, a custom annotated alignment file was created with a specific set of genes associated 
with development of T. brucei cells. Genes were selected from four published papers in the field 
of T. brucei development: Cestari & Stuart (2018) listing genes that are related to T. brucei 
antigenic switching and VSG expression control; Christiano et al. (2017) analyzing RNA-seq data 
from procyclic and metacyclic cells with DESeq2; Savage et al. (2016) discussing variations in 
transcript expression as T. brucei develops through the midgut, proventriculus, and salivary glands 
of  Glossina morsitans (tsetse fly); and Shi et al. (2018) looking at the population variation in 
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transcript levels of genes over a time course of RBP6 induction. In addition, genes with a known 
or suspected role in development from a previous unpublished targeted RNAi screen were included 
(Justin Toh, unpublished). An arbitrary cut-off (4.45-fold up or down) was used to include the 
genes that have been shown to have the highest degree of change throughout development, as 
shown in Savage et al. (2016), Christiano et al. (2017), Shi et al. (2018), and Cestari & Stuart 
(2018). Genes were filtered to exclude hypothetical proteins and those that are known to be VSG-
associated to limit the dataset to genes with known, unique function in regards to development. 
Moreover, given the focus of the experiment and previous studies showing the variability in 
transcription of metacyclic VSGs, all five known metacyclic VSGs were included in the annotated 
file. The final list of genes that comprise the annotated file are included in Table A1 (Appendix).   
 Using TriTrypDB, sequences were obtained for each gene included in the annotated file, 
from the beginning of the coding sequence of the gene to the beginning of the coding sequence of 
the next gene. The decision to include these sequences was based on proof of concept experiments 
that revealed reads align to the 3’UTR region, as well as a downstream portion of the coding 
sequence for the genes (Figure 1). The 3’UTR region of the successful RBP6 expression construct 
was also included in the file to determine the level of RBP6 transcribed in each cell following 
induction. Additionally, a gene transfer format (GTF) file was created to annotate the genes 
included in the analysis. Typically, a GTF file is used to separate reads into either exonic, intronic, 
or intergenic for the purpose of analysis (10x Genomics, Inc., 2018b). While all genes included in 





Alignment of scRNA-seq Data 
 The alignment of scRNA-seq data was performed by Dr. Guilin Wang at the Yale Center 
for Genome Analysis using Cell RangerTM software. Cell RangerTM, version 3.0.2, is a 10x 
Genomics pipeline that is used to align barcoded reads to inputted alignment files, create gene cell 
matrices, and ultimately provide a basis for analyzing differential gene expression (10x Genomics, 
Inc., 2017c). The Cell RangerTM STAR aligner and “Cellranger count” feature aligned the reads to 
the inputted alignment file, differentiating the transcripts of varying cells by the 16bp barcode and 
unique reads by the 10bp UMI sequence (10x Genomics, Inc., 2017c). These alignments were 
organized into cell matrices that display the number of reads per gene for each cell. Based on proof 
of concept experiments, it was expected that approximately 1,500 cells would be successfully 
sequenced from one sample, with an average of approximately 175,000 reads per cell 
(unpublished). This amounts to over 270 million reads, of which 73.6% are aligned to the genome 
(unpublished).  
 
Partek® Flow® Analysis of scRNA-seq Data 
Analysis of scRNA-seq data was performed using Partek® Flow® software, version 8.0 
Copyright©; 2019 Partek Inc., St. Louis, MO, USA.  Partek® Flow®, provided by the Harvey 
Cushing/John Hay Whitney Medical Library at Yale University. Partek® Flow®, a software built 
for a range of genomic analyses, was utilized to build a pipeline to analyze the single cell RNA-
sequencing matrices formed using Cell RangerTM. Analyses were conducted for each time point 
individually, as well as for all of the data combined. Samples were first normalized using the 
Partek® recommended normalization protocol for scRNA-seq analysis: 1) converting to counts per 
million, 2) add 1, and 3) transform on a log base 2 scale. This protocol intends to consider the 
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variation in UMI counts among the population of cells and creates normalized data that can be 
visualized in t-SNE plots (“Analyzing Single Cell RNA-Seq Data”, 2019). Following 
normalization, genes that had zero reads were excluded from the dataset for each time point. The 
resulting datasets were clustered by K-means using the Davies-Bouldin Index, which aims at 
minimizing the within-cluster variation and maximizing separation between clusters (Maulik et 
al., 2002). K-means clustering was conducted within the Partek® pipeline using the compare 
clusters function with an arbitrary minimum of 3 clusters and maximum of 10 clusters, as well as 
a Euclidean distance metric. This function results in a Davies-Bouldin Index value for each of the 
possible number of clusters (between 3-10) for the individual time points, as well as the combined 
data. The number of clusters generated for each dataset was selected based on the lowest Davies-
Bouldin Index value.   
The clustering of cells for each time point was visualized using t-distributed stochastic 
neighbor embedding (t-SNE), a visualization technique for high-dimensional data that can be 
viewed either in a two-dimensional or three-dimensional graph. In a t-SNE plot, the closer points 
spatially are to one another, the more similar the transcriptomes of the cells (Van der Maaten et 
al., 2008). The clusters for each time point were additionally analyzed by performing an analysis 
of variance (ANOVA) to determine the differential expression of genes characterizing the clusters. 
The ANOVA individually compared the average reads in a cluster to the average reads of the cells 
belonging to each of the other clusters within the time point for each gene included in the analysis. 
Additional ANOVA analyses were used to compare specific clusters of interest between time 
points. Genes that had a two-fold or greater change in either direction on a significance level of 
ɑ=0.05 were considered to be differentially expressed in the given cluster. The full Partek® Flow® 
pipeline as described above is depicted in Figure 2.  
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Changes in Gene Expression through Induction 
 For 16 genes, endogenous RBP6, EP3-2, BARP, VSG-397, atypical VSG, cold-shock 1, 
PIP39, cytochrome c, and PAD1-PAD8, the total number of reads for cells within all samples were 
normalized to the total number of aligned reads for each cell. The average number of normalized 
reads was calculated for the D0 sample, D1 sample, and each of the clusters within the D2 and D4 
sample. Microsoft® Excel version 16.16.8 was utilized to create bar graphs to represent this 
information. 
 
Variable Surface Glycoprotein Analysis of scRNA-seq Data  
To determine if early-onset monoallelic expression of mVSGs was occurring, the number 
of reads for the five metacyclic VSGs were totaled for each individual cell. Cells expressing three 
or less total mVSG reads were considered to not be expressing mVSGs. For the remaining cells, 
the mVSG reads were normalized to the total number of aligned reads for each cell. Microsoft® 
Excel was utilized to create scatter bubble plots plotting the normalized total mVSG reads to the 
individual mVSG reads as a percentage of total mVSG reads for singular cells.  
The total normalized mVSG reads were also used to stratify cells into categories marked 
by intervals of five normalized reads between one and 100. The number of cells singularly 
expressing an mVSG, defined by 95% of a cell’s mVSG reads being a single mVSG, was 
calculated for each interval. The 95% cutoff was determined through trial-and-error of varying 
thresholds between 80% and 100% (data not shown). The average percent each cell was expressing 
of the individual mVSGs was also calculated for each interval. Microsoft® Excel was used to 
visualize this data in the form of bar graphs.  
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RESULTS 
RBP6 Inducible Cell Line 
 While the RBP6 inducible cell line previously described by the Tschudi Lab has been 
shown to induce metacyclogenesis, only approximately 40-50% of the cells in an induced 
population successfully develop through metacyclogenesis to the metacyclic stage (Kolev et al., 
2012). The cause for a proportion of cells to remain in the procyclic stage has remained unclear, 
however, cultures of induced cells with higher levels of RBP6 expression have been shown to 
produce a greater number of metacyclics (Kolev et al., 2012). Thus, I hypothesized that differences 
in RBP6 transcript abundance in single cells may contribute to the lack of differentiation in some 
cells. To investigate the underlying reason for why only a subset of T. brucei cells successfully 
progress through metacyclogenesis, two RBP6 inducible cell lines were designed using either the 
3’UTR of α-tubulin or the 3’UTR of aldolase from T. congolense. These cell lines were intended 
to differentiate endogenous RBP6 transcripts from those resulting from the induced RBP6, 
potentially revealing if variation of levels of induced RBP6 in individual cells affected the ability 
of a cell to progress through metacyclogenesis. Both RBP6 constructs were successfully 
assembled, transformed into E. coli, and transfected into procyclic T. brucei Lister 427 (29-13) 
cells. Following selection with the antibiotic blasticidin, western blotting of RBP6 revealed that 
the cell lines did not have strong enough expression of RBP6 to continue with this experiment. 
Thus, the RBP6 inducible cell line with the 3’ UTR of aldolase from T. brucei previously described 





Initial Quality of Single Cell RNA-Sequencing 
 The 10x Genomics, Inc.’s Chromium System was utilized by Dr. Guilin Wang at the Yale 
Center for Genomic Analysis to separate samples for the five time points into GEMs intended to 
contain one cell per droplet. Library preparation for Illumina sequencing was successful for four 
of the five samples (D0, D1, D2, D4), however, library preparation for the D3 sample was 
unsuccessful due to unknown reasons. Despite aiming for 3,000 cells to be sequenced for each 
sample, the number of cells successfully sequenced for each time point varied widely: 3,090 cells 
for D0, 9,339 cells for D1, 4,293 cells for D2, and 8,064 cells for D4. Similarly, the mean reads 
per cell also differed greatly, with time points that had more cells sequenced having fewer mean 
reads per cell: 32,046 mean reads per cell for D0, 9,445 mean reads per cell for D1, 18,612 mean 
reads per cell for D2, and 12,257 mean reads per cell for D4.  
 
Alignment of scRNA-seq Data to Annotated File 
 The STAR aligner from Cell RangerTM version 3.0.2 was utilized by Dr. Guilin Wang at 
the Yale Center for Genomic Analysis to align sequenced reads to the 340 genes contained in the 
final annotated file. The percentage of reads mapped to the annotate file ranged from 7.8% to 8.5% 
(D0: 8.5%, D1: 8.2%, D2: 7.8%, D4: 8.5%). The percentage of reads confidently mapped to the 
transcriptome, indicating that a read that only aligns to the transcript of a single gene in the 
annotated file (10x Genomics, Inc., 2018b), was substantially less than those that mapped to the 
annotate file (D0: 4.0%, D1: 3.8%, D2: 3.5%, D4: 2.7%). Overall, sequenced reads aligned to a 
range of 22 to 30 median genes per cell (D0: 26 median genes/cell, D1: 22 median genes/cell, D2: 




Partek® Flow® Analysis 
 The Partek® Flow® software provided by the Harvey Cushing/John Hay Whitney Medical 
Library at Yale University was utilized to investigate the amount of heterogeneity present amongst 
the levels of transcripts between individual cells throughout the time course of induction by 
analyzing each sample separately, as well as all time points combined. Following the Partek® 
recommended normalization protocol, genes with zero reads for all cells within a sample were 
filtered out from the respective sample analysis. A total of 26 genes were filtered out from the D0 
sample, 6 genes from the D1 sample, 5 genes from the D2 sample, 4 genes from the D4 sample, 
and a total of 2 genes for the combined data.  
The resulting normalized, filtered data was clustered by K-means using the Compare 
Clusters function of Partek® Flow®, as previously described. The number of clusters generated for 
each time point was chosen according to the lowest Davies-Bouldin Index: nine clusters for D0, 
six clusters for D1, and three clusters each for D2, D4, and D0-D4 combined (Figure 3). 
 
Uninduced T. brucei Cells Display a Baseline of Heterogeneity  
The nine clusters formed within the D0 sample varied greatly in size from two cells to 468 
cells (Table 1A). There is the potential that the two clusters, Cluster 2 and Cluster 3, containing 
two cells each consist of doublets, a single scRNA-seq barcode that corresponds to two or more 
cells that were combined into a single droplet during microfluidic separation (AlJanahi et al., 
2018). Moreover, the Davies-Bouldin Index value was only slightly increased for seven clusters 
at this time point, indicating that the heterogeneity in the data may not be explained much better 
with nine clusters versus seven clusters, from a statistical standpoint (Figure 3). To validate that 
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the nine clusters formed were not driven by the unique expression of the two clusters containing 
two cells each, seven clusters were generated (figure not shown). The size of Cluster 2 and Cluster 
3 increased slightly to 12 and six cells, respectively, with the genes defining each of these clusters 
remaining largely the same. The cells that originally belonged to the other clusters were re-
dispersed between Cluster 1 and Clusters 4-7. While the issue of doublet cells still may be present 
in the data, these results supported that the lowest Davies-Bouldin Index value of nine clusters best 
characterized the D0 sample.   
The nine clusters formed within the D0 sample were greatly interspersed with one another 
when viewed visually on a t-SNE plot (Figure 4A). This close relation of cells to one another in 
regards to distance, despite belonging to different clusters, suggests that while statistically there is 
heterogeneity present amongst transcription of some genes within uninduced cells, overall there is 
similarity present amongst the cells. Although VSG-1954 was a statistically significant feature of 
two of the clusters, it did not appear that there was clustering based on transcription of the surface 
proteins that mark the different stages of metacyclogenesis. This further suggested that in terms of 
life-cycle stage, the majority of the cells at day zero were of the procyclic uninduced form. A full 
table of the statistically significant features defining the clusters at a two-fold or higher level in the 
D0 sample is located in the Appendix (Table A2).  
 
Day One Induced Cells Cluster Based on Early Induction Cascade Genes 
The six clusters for the D1 sample ranged from 876 cells to 1,857 cells (Table 1B). Cells 
belonging to the same cluster appeared to group closer to one another on the D1 t-SNE plot, relative 
to the D0 t-SNE plot, although there still was some interspersion (Figure 4B). This suggested that, 
while there likely is still a range of heterogeneity of cells underlying each of these clusters, the K-
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means statistical clustering algorithm is forming clusters based on the genes that are being up- or 
down-regulated due to the induction cascade. It is likely that the clustering of D1 cells is 
representative of groups of cells that have successfully completed differing stages of development 
within the induction process.  
 However, as with the D0 sample, other than VSG-1954 being a statistically significant 
down-regulated feature for Cluster 4, none of the other surface markers were present at a two-fold 
or more statistically significant level in the clusters. While the closer visual grouping of cells of 
the same cluster suggested that induction is already guiding cells down the metacyclogenesis 
pathway, the lack of statistically significant genes related to the surface markers indicated that the 
majority of cells have yet to develop into epimastigotes or metacyclics. A full table of the 
statistically significant features that had two-fold or greater change in relation to the rest of the 
time point sample is located in the Appendix (Table A3).  
 
Day Two and Day Four Induced Cells Cluster Based on Developmental Stages 
 The clustering of the D2 sample resulted in three clusters ranging from 843 cells to 2,002 
cells (Table 1C). In contrast to the clusters of D0 and D1, the three clusters within the D2 sample 
had minimal overlap with one another (Figure 4C). This suggested that by day two of induction 
cells are beginning to become more distinguishable by their life stage form as they differentiate 
from procyclic cells into epimastigote and metacyclic cells. This was further supported by the gene 
features characterizing each cluster as shown by an ANOVA test (Appendix, Table A4). One of 
the most highly up-regulated genes of Cluster 2 of the D2 sample was BARP at a 3.21-fold increase 
(p-value < 0.05). As discussed previously, BARP proteins are the proteins that coat the surface of 
the epimastigote stage of the parasite. Thus, RBP6 induction in these cells resulted in an increase 
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in mRNA transcript abundance of BARP, indicating that if they have not done so already, they 
will soon fully differentiate from procyclics to epimastigotes. Likewise, some of the most 
statistically significant upregulated genes of Cluster 3 of the D2 sample were VSG-397, VSG-653, 
VSG-1954, and VSG-639, which are markers of the metacyclic form of T. brucei (Appendix, Table 
A4). Interestingly, VSG-531 was not characteristic of Cluster 3 at a statistically significant level 
and two-fold or more change. Yet, VSG-531 did appear to be highly down-regulated in Cluster 2, 
the BARP cluster, in comparison to all other cells in the time point, indicating that Cluster 3 has a 
greater number of reads for VSG-531.   
As with the D2 sample, the D4 sample resulted in three clusters, ranging from 1,537 cells 
to 4,130 cells (Table 1D). Two of these clusters were, again, defined by BARP expression (Cluster 
1) and mVSG expression (Cluster 3) (Appendix, Table A5). The percentage of cells contained in 
the mVSG cluster in the D4 sample, 29.7%, was greater than the percentage of cells belonging to 
the mVSG cluster in the D2 sample, 19.6%. These results indicated that a greater number of cells 
have successfully transitioned through metacyclogenesis to the metacyclic stage at day four of 
induction in comparison to day two of induction. Furthermore, the separation between the clusters 
present in the D4 sample was the greatest of all time points, with the BARP cluster separating the 
mVSG cluster from Cluster 2, termed BARP –/mVSG – (Figure 4D). This suggested that as the time 
course of induction proceeds, cells within the three groupings are becoming increasingly different 
from one another.  
 Comparisons of the BARP clusters and mVSG clusters from the D2 and D4 samples 
revealed that cells within the D4 sample have progressed further through metacyclogenesis than 
cells in the D2 sample. An ANOVA test of the two BARP clusters compared to one another and 
the two mVSG clusters compared to one another demonstrated statistically significant fold-
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changes that were largely consistent in direction with population-level data (Shi et al., 2018). Thus, 
cells of the D4 BARP cluster and cells of the D4 mVSG cluster were developmentally more mature 
in comparison to the same respective cluster in the D2 sample. This may indicate that a percentage 
of cells quickly develop into metacyclics following induction, while others progress through 
metacyclogenesis more slowly. A full list of the statistically significant two-fold or greater changes 
from the ANOVA comparisons are included in the Appendix (Table A6, Table A7).  
 The D2 sample and D4 sample each included a cluster characterized by expression of genes 
indicative of cells being earlier in development compared to cells contained within the BARP and 
mVSGs clusters. These two clusters, Cluster 1 from the D2 sample and Cluster 2 from the D4 
sample, have been termed BARP –/mVSG –. While neither of the BARP –/mVSG – clusters included 
the induced RBP6 as a characteristic feature, the D4 cluster had a much lower level of expression 
of endogenous RBP6 in comparison to the rest of the cells in the D4 time point (0.23 fold change, 
p-value<0.05). This suggested that the cells included in the BARP –/mVSG – cluster of D4, as well 
as perhaps the similar cluster in D2, may have been unproductive in development through 
metacyclogenesis due to lower levels of successful RBP6 production. Yet, intriguing results 
emerged when using an ANOVA to compare the BARP –/mVSG – clusters from the D2 and D4 
samples. When comparing these clusters, the changes in gene expression expected from 
population-level data were not consistently accurate (Appendix, Table A8). Thus, the assumption 
that the D2 BARP –/mVSG – cluster developmentally preceded the D4 BARP –/mVSG – cluster did 
not appear to be consistent with these results. This indicated that the two BARP –/mVSG – clusters 
have a great amount of within cluster heterogeneity. It is likely that these clusters encompass the 
heterogeneity seen in the uninduced cells of the D0 sample. However, due to K-means clustering 
being a statistical algorithm, the algorithm is focused on the high expression of BARP and mVSGs 
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in the remaining clusters for D2 and D4, resulting in a failure to recognize this underlying 
heterogeneity.  
 
Combined Sample Clusters Based on Developmental Stages 
 Combining all of the cells for D0 through D4 samples yielded similar clustering as the D2 
and D4 samples. Three clusters emerged defined by BARP –/mVSG – (Cluster 1), BARP (Cluster 
2), and mVSGs (Cluster 3) (Figure 5A). While all five mVSGs included in the analysis appeared 
upregulated above a 2-fold threshold for Cluster 3, only VSG-653 was statistically significant. The 
complete table including all features of the clusters at a statistically significant level and two-fold 
or higher fold-change is located in the Appendix (Table A9).  
Analysis of the distribution of the cells within each sample between the three clusters 
revealed unexpected results. The D1 sample had the highest percentage of cells belonging to the 
mVSG cluster (Figure 5B). This contradicted population level data that demonstrated that as RBP6 
induction proceeds there is an increasing amount of mVSG mRNAs expressed, as more cells are 
developing into metacyclics (Shi et al., 2018). This potentially could be an artifact of the K-means 
clustering algorithm. As will be discussed later on, there were numerous cells within the D1 sample 
that had a minimal number of mVSG reads. This expression was at such a low level, 3 or less 
reads, that these cells were not considered to be expressing mVSGs. Yet, the K-means clustering 
algorithm may detect this low level of mVSG expression and cluster these cells with the cells from 
D2 and D4 that have greater numbers of mVSG reads. This was further supported by the 
interspersion of the mVSG cluster with the BARP –/mVSG – cluster on the t-SNE plot (Figure 5A). 
The cells within the mVSG cluster that belong to the D0 sample and D1 sample were greatly 
interspersed with the BARP –/mVSG – cluster, indicating that they are closely related to these cells. 
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The cells within the mVSG cluster that belong to the D2 sample and D4 samples were grouped 
near the BARP cluster (data not shown). If the same cutoffs of mVSG expression could be applied 
when using the K-means clustering algorithm, I hypothesize that the time point with the greatest 
proportion of cells belonging to the mVSG cluster would indeed be the D4 sample.  
The distribution of cells belonging to the BARP –/mVSG – cluster and the BARP cluster 
were consistent with previous RBP6 induction population data. At the population level, BARP 
mRNA peaks at day three of induction (Shi et al., 2018). While our D3 sample was unsuccessful, 
it appeared that the sample with the greatest proportion of cells belonging to the BARP cluster was 
located between day two and day four of induction. The proportion of cells belonging to the BARP 
–/mVSG – cluster, cells that have been unproductive in development through metacyclogenesis, 
decreased as the time course proceeded. This was expected, as the number of cells developing into 
epimastigotes and metacyclics increased due to the induction of RBP6. An increasing proportion 
of cells would be expected to belong to the mVSG cluster, if the time course were continued for a 
longer period of time.  
 
Changes in Gene Expression through Induction  
 Given the three groupings of cells seen in the D2 sample, D4 sample, and combined data 
by K-means clustering, I aimed to determine the contribution each of the clusters had to the level 
of expression seen at the population-level for specific genes of interest. Induction of our cell line 
resulted in an increase in transcript levels of RBP6, which in turn also resulted in an increase in 
transcript levels of endogenous RBP6. Population-level data of RBP6 induction demonstrated that 
endogenous RBP6 quickly increases from day zero to its peak at day one before steadily declining 
into day four (Shi et al., 2018). A similar trend was seen in my data; however, the peak number of 
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reads was delayed until day two (Figure 6A). The BARP clusters in the D2 and D4 samples 
contributed the greatest proportion of endogenous RBP6 reads to their respective time point. This 
suggested that RBP6 drives the early stages of metacyclogenesis where procyclic cells are 
transforming into epimastigotes. Endogenous RBP6 may also have a role in initiating a cascade of 
gene expression that further resulted in transformation of epimastigotes into metacyclics.  
 EP3-2 is a procyclin protein and a surface marker of the procyclic stage of T. brucei. As 
procyclic cells develop through metacyclogenesis, the amount of procyclin at the population-level 
decreases, with day zero being the peak of procyclin expression (Shi et al., 2018). Puzzlingly, my 
D2 sample had the highest number of normalized reads of EP3-2 of all samples (Figure 6B). The 
mVSG cluster from this sample contributed approximately the same proportion of EP3-2 reads as 
the BARP –/mVSG –. It would have been expected that the D0 sample, D1 sample, and BARP –
/mVSG – clusters would have the greatest number of EP3-2 reads because it was believed that these 
groupings have the greatest number of procyclic cells. Since it is possible that the D2 sample is an 
outlier in our analysis, additional replicate time courses will need to be analyzed.  
 As previously discussed, BARP protein is the surface marker of the epimastigote stage of 
T. brucei. From population-level data, it was expected that BARP will increase to its peak at day 
three of RBP6 induction followed by a steady decrease (Shi et al., 2018). While our D3 sample 
failed to be successfully sequenced, our available data showed that the peak of BARP expression 
was likely located between day two and day four of induction (Figure 7A). For both the D2 and 
D4 samples, the BARP clusters contributed the majority of BARP reads. The BARP reads within 
the BARP –/mVSG –  and mVSG clusters may be representative of cells that are beginning their 
transition into epimastigotes or recently have transitioned into metacyclics, respectively.  
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 The metacyclic stage of T. brucei is marked by the metacyclic variable surface 
glycoproteins, of which, VSG-397 is the most commonly expressed (Christiano et al., 2017). My 
data was consistent with a six day time course of RBP6 induction demonstrating a rapid increase 
of VSG-397 between day two and day four, with a peak at day five (Shi et al., 2018). The D0 and 
D1 samples showed minimal expression of VSG-397 which is fitting given that these samples did 
not have clusters characterized by mVSG (Figure 7B). While the D2 sample was the first to have 
a substantial amount of VSG-397 expression, the D4 sample had the greatest amount of VSG-397 
expression, which is consistent with day four peak of mVSG in population level data (Ramey-
Butler et al., 2015). As was predicted, the majority of VSG-397 expression was from the mVSG 
clusters within the D2 sample and D4 sample.  
 A less well-defined VSG included in our analysis is an atypical VSG (Tb927.5.3990). An 
atypical VSG gene does not code for the expected C-terminal domains typically shared amongst 
VSGs (Weirather et al., 2011). According to population-level data, transcript levels for this gene 
increased to its peak at day one of induction followed by a decrease in the number of reads (Shi et 
al., 2018). As with EP3-2, my data was consistent with population-level trends, however, the peak 
was delayed to day two of induction (Figure 8A).  
A number of genes that are expected to play important roles in differentiation of T. brucei 
from procyclics into metacyclics were also investigated. Cold-Shock 1 (CS1) is a DNA- or RNA-
binding domain containing protein that is believed to be activated during metacyclogenesis. While 
population-level data did not show high levels of CS1 transcript abundance in comparison to other 
metacyclogenesis related genes, there was an increase from day zero to the peak at day two of 
induction (Shi et al., 2018). However, my data failed to produce similar results. CS1 transcript 
levels appeared to steadily increase to a peak at day four of induction (Figure 8B). As previously 
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discussed, it may be possible that my D2 sample is an outlier and replicates may indeed show that 
the peak of CS1 is at day two of induction.  
PIP39 is a phosphatase that has been shown to promote differentiation by interacting with 
another phosphatase, PTP1, which is vital for cells to remain in the mammalian bloodstream-form 
(Schwede et al., 2011; Szöör et al. 2013). Population level data did not reveal transcript level 
changes of  PIP39 in an RBP6-induced time course. My results showed that there was a large 
increase in PIP39 mRNA between day one and day two of induction, at which it peaked, followed 
by a decrease to day four of induction (Figure 9A). Given that PIP39 plays a role in differentiation, 
it is interesting that there are similar proportions of normalized reads from the BARP –/mVSG – 
clusters as there are from the BARP and mVSG clusters in the D2 and D4 samples.  
Cytochrome c is an electron carrying protein necessary for the cytochrome-mediated 
respiration that occurs in the procyclic stage of T. brucei. Expression of cytochrome c has been 
shown to be downregulated in bloodstream forms, where cytochrome-mediated respiration does 
not occur (Torri & Hajduk, 1988). This has been supported by population level data demonstrating 
that transcription of cytochrome c is at its peak in uninduced RBP6 cells and decreases following 
induction (Shi et al., 2018). My data also displayed a high number of reads for uninduced cells, 
however, cytochrome c reads peaked in the D4 sample by a slight margin (Figure 9B). This peak 
was mostly due to the large number of cytochrome c reads from the BARP –/mVSG – cluster. Given 
our previous explanation of the BARP-/VSG- cluster consisting of unproductive cells that have 
yet to develop through metacyclogenesis, developmentally, these cells were likely more closely 
related to the D1 sample than they were the other cells in the D4 sample. If this cluster were to be 
moved somewhere in between the D0 and D1 sample of the figure, the expected decrease in 
cytochrome c as the time course progresses would be displayed. 
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The PAD family of genes are transmembrane proteins known to be associated with 
differentiation; the specific function of each is not entirely known (Dean et al., 2009). At the 
population level, it is known that PAD4 and PAD6 both increase to their peak at day three of RBP6 
induction, however, population level data for PAD1, PAD2, PAD3, PAD5, PAD7, and PAD8 did 
not reveal changes (Shi et al., 2018). My data for PAD4 and PAD6 were consistent with population 
level data, as there was an increase in the number of reads for each until a peak at day two of 
induction, followed by a decrease at day four of induction (Figure 11B, Figure 12B). PAD3 and 
PAD8 displayed similar trends of increasing number of reads and peak between day two and day 
four as PAD4 and PAD6 (Figure 11A, Figure 13B). PAD5 and PAD7 appeared to have similar 
trends with an initial drop off in number of reads from uninduced cells and a high peak at day four 
of induction (Figure 12A, Figure 13A). As previously discussed, the peak seen for both of these 
genes at D4 may be misrepresented by the large number of reads contributed by the BARP –/mVSG 
– cluster. The data may be better represented by moving this cluster directly before the D0 sample, 
which would demonstrate a decrease as the time course progresses. PAD1 and PAD2 also showed 
similar trends to one another, with the number of reads increasing as induction proceeds (Figure 
10). Together, these results showed that the PAD family of genes likely are heterogeneous in 
function and up-regulated at differing times during metacyclogenesis.  
 
My Analysis Suggests Early Transition from Polyallelic to Monoallelic Expression of mVSG  
Previous studies have demonstrated that monoallelic expression of metacyclic expression 
sites (MES) results in a single mVSG being expressed on the surface of each T. brucei cell (Ramey-
Butler et al., 2015). To determine if early-onset monoallelic expression of mVSGs was occurring, 
mVSG expression at all time points of induction was investigated. When using a cutoff of at least 
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four total mVSG reads to consider a singular cell to be expressing mVSG, the number of cells 
expressing mVSG for each sample varied, with the D0 sample having 1 cell (0.03%), the D1 
sample having 11 cells (0.12%), the D2 sample having 73 cells (1.7%), and the D4 sample having 
3,062 cells (38.00%). These results were as expected, as mVSG expression began to peak starting 
on day four of RBP6 induction (Ramey-Butler et al., 2015). Thus, further mVSG analysis 
proceeded only for the D4 sample.  
Stratifying D4 mVSG expressing cells into intervals of five normalized reads from one to 
100 showed that there was a bimodal distribution of cells, with peaks located at 10 or less 
normalized mVSG reads and 70 or more normalized mVSG reads (Figure 14A). There were fewer 
cells concentrated between 10 and 70 total normalized mVSG reads compared to the two peak 
ranges. Despite the bimodal distribution of cells seen for total number of normalized mVSG reads, 
the distribution of cells that had singular expression of an mVSG was strikingly different (Figure 
14B). For cells that had 10 or less total normalized mVSG reads, less than 10% are expressing a 
singular mVSG, defined by one mVSG contributing to 95% or more of the total mVSG reads for 
the cell. As the total number of normalized mVSG reads increased, the percentage of cells 
expressing a single mVSG also increased, eventually plateauing at approximately 90%. These 
results may indicate that early on in expression of mVSG singular cells express multiple mVSGs 
before selecting a single mVSG to monoallelically express. Moreover, the bimodal distribution 
seen with few cells expressing an intermediate number of mVSG reads suggested that once the 
selection of a single mVSG for a cell occurs, expression of that mVSG happens very rapidly. Thus, 
cells with an intermediate number of mVSG reads may be more difficult to capture by scRNA-seq 
because they transition to higher levels of expression so quickly.  
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To obtain further evidence that polyallelic expression of mVSGs was occurring early-on 
for single cells, scatter bubble plots of the total number of normalized mVSG reads per cells versus 
the percentage of each mVSG expressed in a single cell were created (Figures 15-17). For the 
purpose of discussion, these plots were divided into three phases based on the log base 2 scale of 
total number of mVSG reads per cell: 1) early transcription of mVSG (1-8 log base 2 reads), 2) 
intermediate transcription of mVSG (8-32 log base 2 reads), and 3) late transcription of mVSG 
(32+ log base 2 reads). For early transcription of mVSG, there was a substantial concentration of 
cells that are expressing multiple mVSGs. This was shown for each individual mVSG that is 
expressed at a proportion less than one of the total mVSG reads. Moreover, singular expression of 
each individual mVSG appeared rare for the early phase of transcription of mVSG. As the number 
of mVSG reads per cell increased into the intermediate phase, the number of cells expressing 
multiple mVSGs began to decrease. For each individual mVSG, there was an increase in the 
number of cells either singularly expressing the mVSG or not expressing the mVSG at a detectable 
proportion. This trend continued on and was more pronounced in the late phase. While there were 
still some sporadic cells expressing multiple mVSGs in the late phase, these appeared to be rare in 
comparison to the number of cells singularly expressing or not expressing an individual mVSGs.   
On a population level, expression of the five known mVSGs occurs with a known 
distribution with minimal variation between samples (Christiano et al., 2017, Shi et al., 2018). The 
VSG-397 transcript represents 57.6% of the total mVSG mRNA in the population, VSG-653 is 
17.8% of the mVSG mRNA, VSG-1954 and VSG-531 are  10.2% of the mVSG mRNA, and VSG-
639 is 4.4% (Christiano et al., 2017). Given that my data showed that polyallelic expression of 
mVSGs is occurring during early onset of VSG expression, I investigated whether the same 
distribution of mVSG expression was also present for single cells. The average percent expression 
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of each mVSG was calculated within each interval of total mVSG reads per cell (Figures 18-20). 
While there was some variation present from interval to interval, the average percent expression 
for each mVSG was approximately consistent with that seen at the population level (45.35% for 
VSG-397, 19.64% for VSG-531, 12.20% for VSG-653, 17.01% for VSG-1954, and 5.78% for 
VSG-639). These results suggested that the same distribution of the five mVSGs that occurred at 
the population level also occurred at the single cell level. This may indicate that the distribution of 
monoallelic mVSG expression seen on the population level is due to statistical chance. If single 
cells have polyallelic expression of mVSGs, with approximately 50% of the mVSG reads for the 
cell being VSG-397, it would be expected that VSG-397 would be selected for monoallelic 
expression of a single cell approximately 50% of the time. From a population perspective, this 
would result in approximately 50% of the total population expressing VSG-397. Similar 
relationships would also hold true for the other four mVSGs.   
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DISCUSSION 
 In the present study, I utilized single cell RNA-sequencing to characterize the 
transcriptomes of single cells of an inducible RBP6 cell line. I aimed to utilize this data to describe 
the heterogeneity present in expression of known and suspected T. brucei developmental genes 
and to establish if differential expression of RBP6 affects life-cycle progression capacity. While 
the development of a novel inducible RBP6 cell line with a 3’UTR differentiable from the 
endogenous RBP6 was unsuccessful, investigating the heterogeneity of the other developmental 
genes included in my analyses was effective. The data revealed that there is a baseline of 
heterogeneity present amongst uninduced cells. However, overall, these cells were found to be 
similar to one another, as displayed by the interspersion of clusters on the t-SNE plots. It is possible 
that the baseline differences of gene expression in uninduced cells may ultimately influence which 
cells progress completely through metacyclogenesis. Further investigation is warranted into the 
genes that are differentially expressed in uninduced cells to determine if these differences are 
biologically relevant.  
As the time course of induction proceeded, there were fewer clusters of cells formed by K-
means clustering. Furthermore, these clusters became less similar to one another, as there was 
greater between cluster separation and less interspersion, as seen on the t-SNE plots. Two of the 
clusters that developed at day two and day four of induction were those marked by BARP, the 
surface marker of epimastigotes (Urwyler et al., 2007) and the mVSGs, the markers of metacyclics 
(Tetley et al., 1987). These clusters are biologically relevant, as induction of RBP6 results in cells 
undergoing developmental progression from procyclics to epimastigotes to metacyclics (Kolev et 
al., 2012). Interestingly, day two and day four of induction each had an additional cluster, BARP 
–/mVSG –. These clusters appeared to be cells that have been unproductive in transitioning into 
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metacyclogenesis, possibly due to lower levels of RBP6 transcripts. Moreover, the BARP –/mVSG 
– clusters may encompass much of the heterogeneity seen within uninduced cells, as the genes 
included in the analyses do not progress between the clusters in the expected manner given 
population level data. The lack of another cluster appearing through K-means clustering analysis 
of all time points combined reaffirms that these three clusters are representative of the three major 
life stages occurring in the tsetse fly, the procyclics (BARP –/mVSG –), the epimastigotes (BARP), 
and the metacyclics (mVSG). The presence of all three of these clusters in day two and day four 
of induction suggested that cells progress through metacyclogenesis at varying rates, with some 
cells that are unproductive in development. It is possible that this is due to different levels of RBP6 
induction of cells, however, further studies need to be conducted to confirm this hypothesis.  
Further investigation into the contributions that the BARP –/mVSG –, BARP, and mVSG 
clusters have on the number of reads seen on the population level for specific genes of interest 
yielded interesting results. The BARP clusters contained the greatest number of endogenous RBP6 
reads, indicative of RBP6 initiating not only the development of procyclics into epimastigotes, but 
a cascade of other genes being expressed that leads to completion of metacyclogenesis. As 
expected, the greatest number of BARP reads was concentrated in the BARP clusters and the 
greatest number of mVSG reads was concentrated in the mVSG clusters. Yet, EP3-2, a marker of 
procyclics, was neither concentrated in the BARP –/mVSG – cluster nor uninduced cells, which 
would have been expected as these groups are likely to have the greatest number of procyclic cells. 
Moreover, our data for Cold-Shock 1 was also inconsistent with population level data. These 
unexpected results must be confirmed with time course replicates. However, the analyses exhibited 
the potential of using scRNA-seq data to confirm gene expression population level data and further 
sparse out what is happening on a single cell level. For instance, while the distribution of reads for 
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cytochrome c did not seem to align with population level data, being able to view the number of 
reads coming from each cluster of cells aided in explaining that an unexpected peak was due to 
cells belonging to the BARP –/mVSG – cluster. Additionally, analyzing changes in expression of 
the PAD family of genes through induction revealed that gene expression trends are not consistent 
for all of the PADs, likely indicating that they are heterogeneous in function. Further studies 
utilizing scRNA-seq data to investigate differential gene expression over a time course could prove 
useful to the trypanosome field.  
 I also sought to determine if the monoallelic expression of mVSGs described in previous 
studies occurred from early onset of metacyclic development (Ramey-Butler et al., 2015). My data 
showed that early on in mVSG expression, less than 10% of cells were expressing a singular 
mVSG. As cells increased mVSG expression, the likelihood a cell singularly expresses a mVSG 
increased greatly, eventually plateauing at approximately 90%. Considering each of the five 
mVSGs separately, singular expression early on in mVSG expression was rare for all. Thus, it 
appeared that polyallelic expression of mVSGs occurs during early onset of mVSG.  
Interestingly, the distribution of mVSG expression seen from a population perspective 
holds true at a higher resolution. My data did not have enough sequencing depth to definitively 
say that single cells express all five mVSGs with a given distribution. Yet, it did appear that small 
groupings of single cells have mVSG expression distributions consistent with the average 
expression of mVSGs expected from population data (Christiano et al., 2017). One possible 
explanation, and perhaps the most likely, is that the distribution of mVSGs seen at the population 
level is a result of statistical chance selecting a mVSG for singular expression at a rate proportional 
to the average percent that the mVSG is expressed within a single cell. Essentially, if a mVSG is 
expressed more often within a single cell in comparison to other mVSGs, the chance that a single 
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cell will singularly express that mVSG is more likely than for expression of the other mVSGs. 
Another possible explanation could be that T. brucei cells have a quorum sensing pathway that 
allows communication between cells resulting in mVSGs being selected for singular expression at 
varying rates dependent on the mVSGs being expressed in the population. Such quorum sensing 
mechanisms have previously been described in T. brucei for differentiation mechanisms from long, 
slender bloodstream forms into quiescent short, stumpy bloodstream forms (Vassella et al., 1997, 
Mony et al., 2014).   
There are a number of limitations to my study. First, the depth of the sequencing data could 
have been largely affected by the number of cells that were sequenced for each time point. While 
3,000 cells were aimed to be successfully sequenced, the number of cells sequenced varied from 
3,090 cells (D0) to 9,339 cells (D1). Yet, the sequencing depth was constant for all samples, 
meaning that regardless of the number of cells within a sample, the expected total number of reads 
for each sample was also constant. Unfortunately, this resulted in samples that had a greater 
number of cells sequenced having less reads per cell, and in turn, may lead to a lack of detection 
for genes that have low expression. Thus, my analyses may be biased, as transcripts that dropout 
due to low sequencing depth were unable to be differentiated from zero transcripts detected due to 
an actual lack of expression of a gene (Rizzetto et al., 2017). One possible reason for the variation 
in the number of cells sequenced is the inaccurate counting of the Countess II Automated Cell 
Counter. This machine is not calibrated specifically for our cells and the dye that is utilized quickly 
killed trypanosome cells. While the concentration of cells in each sample was also determined 
microscopically, in the future, this should be done multiple times in order to ensure an accurate 
approximation of the concentration of cells.  
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Another limitation of the study was not being able to eliminate doublet cells, a single 
scRNA-seq barcode that corresponds to two or more cells that were combined into a single droplet 
during microfluidic separation (AlJanah et al., 2018). Doublet cells would have biased our 
analyses during clustering, as these cells would have held more weight in forming K-means 
clusters due to the substantially higher levels of transcript abundance. For future experiments, the 
sequences of seven genes, ɑ-tubulin, β-tubulin, heat shock protein 70, eukaryotic translation 
initiation factor 5A, 60S ribosomal protein L4, elongation factor 1-alpha, and enolase, will be 
included in our custom annotated file. These genes will serve as controls, as their transcript levels 
are known to not vary during development (Christiano et al., 2017, Shi et al., 2018). If a cell is 
shown to have two-fold or greater transcript abundance in comparison to the median transcript 
level for multiple of the control genes, the cell will be considered a doublet and excluded from 
further analysis.    
A limitation in the clustering methodology used is that K-means is a statistical algorithm 
that focuses on the most apparent differences in transcript abundance amongst cells. As the RBP6 
induction proceeded, fewer clusters were generated for each time point due to the strong expression 
of the BARP and mVSG surface markers of epimastigotes and metacyclics. While these groupings 
are real from a biological standpoint, there is likely underlying heterogeneity amongst each of 
these clusters that is not being detected. This heterogeneity does not appear due to the K-means 
algorithm having a lack of sensitivity to lower level heterogeneity when in the presence of strongly 
differentially expressed genes. This was further enforced when analyses were attempted using 
other clustering methods, such as graph-based clustering, and other clustering programs, such as 
the 10x Genomics Loupe Cell Browser (data not shown). These methods resulted in different 
clusters than the analyses described here, albeit, they made less biological sense.  
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Another factor that could have affected clustering is the limiting number of genes in our 
analysis. This was done for two reasons, 1) each sequence had to be selected manually from the 
TriTrypDB database and 2) to narrow the scope of the study. There are over 9,000 genes in the T. 
brucei genome (Berriman et al., 2005), thus, selecting each sequence manually to create an 
annotated file is tedious work. However, including all of the genes in the genome would allow for 
more robust clustering, as many genes are likely to be associated with one another. Kathryn Crouch 
from TriTrypDB has designed a more efficient manner to obtain the necessary sequences of the 
genes and has created an annotated file for the entire genome (unpublished). This annotated file 
will be utilized for future replicate time courses.  
Finally, there is a need to replicate the data shown here to confirm the conclusions that 
have been reached. Certain results from the data were unexplainable, such as why there were 
delays in expected peaks of gene expression. Replicating our time course and repeating the 
analyses will hopefully further support the conclusions that have been stated and help to explain 
some of the questions left unanswered.  
Single cell RNA-sequencing provides a resolution of gene expression previously 
unattainable by other sequencing methodologies. Insights to numerous questions that have been 
unable to be answered on the population level, such as does monoallelic expression of metacyclic 
variable surface glycoproteins occur on a single cell level from early onset of expression, can now 
be revealed using this technology. While there are numerous obstacles still to be overcome in 
implementing scRNA-seq due to its novelty, these results highlighted the application of scRNA-




Table 1 | Cluster sizes vary for day zero through day four of RBP6 induction. Sizes of 
clusters resulting from K-means clustering of A) the D0 sample, B) the D1 sample, C) the 










Figure 1 | ScRNA-seq alignment of reads to Trypanosoma brucei genome shows alignment to 
3’UTR region and downstream portion of gene coding sequences. A diagram representing 
reads from scRNA-seq aligning to the 3’UTR region and downstream region of T. brucei genes. 
Green arrows are representative of genes of the T. brucei genome, with arrows pointing in the 3’ 
direction. Red peaks display the number of reads aligning to a specific region of the genome. 
Figure provided by Dr. Christian Tschudi. 
 
Figure 2 | Partek® Flow® analysis pipeline. Screenshot of pipeline built for scRNA-seq analysis 
using Partek® Flow® software, version 8.0. Copyright ©; 2019 Partek Inc., St. Louis, MO, USA. 
Circular nodes are either inputted data or data resulting from an action. Rectangular nodes are steps 








Figure 3 | Comparison of clusters for individual time points and all time points combined by 
Davies-Bouldin Index value reveals varying number of clusters characterize samples. Davies-
Bouldin Index values for a range of three to ten clusters were calculated for (A) each separate sample 
(D0=blue, D1=red, D2=yellow, D4=green) and (B) for the dataset of all samples combined utilizing 
the Compare Clusters function in Partek® Flow®. The lowest Davies-Bouldin Index value for each 
sample is circled: 9 for the D0 sample, 6 for the D1 sample, and 3 for of the D2 sample, D4 sample, 





Figure 4 | K-means clustering for individual time points shows a decrease in number of clusters and 
an increase in between cluster separation over the induction time course. T-SNE plots depicting the 
(A) 9 clusters of the D0 sample, (B) 6 clusters of the D1 sample, (C) 3 clusters of the D2 sample, and (D) 3 





Figure 5 | K-means clustering for all time points combined displays clusters based on the 
developmental stages of metacyclogenesis. A) A t-SNE plot depicting the 3 clusters of the 
combined dataset of all time points (D0-D4) generated using Partek® Flow®. B) A bar graph 
displaying the distribution of cells within each time point sample into the 3 clusters formed from 




Figure 6 | Changes in transcript abundance by RBP6 induction time point for A) endogenous 
RBP6 and B) EP3-2. A bar graph displaying the changes in transcript abundance for the given 
gene over the time course of RBP6 induction. The average transcript abundance was calculated 
for all cells within the D0 and D1 samples. Average transcript abundance was calculated separately 




Figure 7 | Changes in transcript abundance by RBP6 induction time point for A) BARP and 
B) VSG-397. A bar graph displaying the changes in transcript abundance for the given gene over 
the time course of RBP6 induction. The average transcript abundance was calculated for all cells 
within the D0 and D1 samples. Average transcript abundance was calculated separately for the 
BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.   
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Figure 8 | Changes in transcript abundance by RBP6 induction time point for A) atypical 
VSG and B) Cold-Shock 1. A bar graph displaying the changes in transcript abundance for the 
given gene over the time course of RBP6 induction. The average transcript abundance was 
calculated for all cells within the D0 and D1 samples. Average transcript abundance was calculated 




Figure 9 | Changes in transcript abundance by RBP6 induction time point for A) PIP39 and 
B) Cytochrome C. A bar graph displaying the changes in transcript abundance for the given gene 
over the time course of RBP6 induction. The average transcript abundance was calculated for all 
cells within the D0 and D1 samples. Average transcript abundance was calculated separately for 
the BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.    
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Figure 10 | Changes in transcript abundance by RBP6 induction time point for A) PAD1 and 
B) PAD2. A bar graph displaying the changes in transcript abundance for the given gene over the 
time course of RBP6 induction. The average transcript abundance was calculated for all cells 
within the D0 and D1 samples. Average transcript abundance was calculated separately for the 
BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.   
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Figure 11 | Changes in transcript abundance by RBP6 induction time point for A) PAD3 and 
B) PAD4. A bar graph displaying the changes in transcript abundance for the given gene over the 
time course of RBP6 induction. The average transcript abundance was calculated for all cells 
within the D0 and D1 samples. Average transcript abundance was calculated separately for the 
BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.   
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Figure 12 | Changes in transcript abundance by RBP6 induction time point for A) PAD5 and 
B) PAD6. A bar graph displaying the changes in transcript abundance for the given gene over the 
time course of RBP6 induction. The average transcript abundance was calculated for all cells 
within the D0 and D1 samples. Average transcript abundance was calculated separately for the 
BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.   
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Figure 13 | Changes in transcript abundance by RBP6 induction time point for A) PAD7 and 
B) PAD8. A bar graph displaying the changes in transcript abundance for the given gene over the 
time course of RBP6 induction. The average transcript abundance was calculated for all cells 
within the D0 and D1 samples. Average transcript abundance was calculated separately for the 
BARP –/mVSG –, BARP, and mVSG clusters of the D2 and D4 samples.   
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Figure 14 | Few cells singularly express an mVSG early on in single cell mVSG expression at 
day four of RBP6 induction. A) Distribution of cells within the intervals of total number of 
normalized mVSG reads. B) Percentage of cells expressing a single mVSG as calculated by a 




Figure 15 | Polyallelic expression of A) VSG-397 and B) VSG-531 appears to occur at early 
onset of mVSG expression. Bubble scatter plots on a log base 2 scale. Points on the lower bound 
of the y-axis, 0, do not have any reads for the given mVSG. Points at the upper bound of the y-
axis, 1, have singular expression of the mVSG. Points located between 0 and 1 have reads for 
multiple mVSGs, of which the y-axis value represents the percentage of the given mVSG. The 
area of each point is scaled to the number of cells in the population represented by those values of 




Figure 16 | Polyallelic expression of A) VSG-1954 and B) VSG-653 appears to occur at early 
onset of mVSG expression. Bubble scatter plots on a log base 2 scale. Points on the lower bound 
of the y-axis, 0, do not have any reads for the given mVSG. Points at the upper bound of the y-
axis, 1, have singular expression of the mVSG. Points located between 0 and 1 have reads for 
multiple mVSGs, of which the y-axis value represents the percentage of the given mVSG. The 
area of each point is scaled to the number of cells in the population represented by those values of 




Figure 17 | Polyallelic expression of VSG-639 appears to occur at early onset of mVSG 
expression. Bubble scatter plots on a log base 2 scale. Points on the lower bound of the y-axis, 0, 
do not have any reads for the given mVSG. Points at the upper bound of the y-axis, 1, have singular 
expression of the mVSG. Points located between 0 and 1 have reads for multiple mVSGs, of which 
the y-axis value represents the percentage of the given mVSG. The area of each point is scaled to 
the number of cells in the population represented by those values of total mVSG reads and 




Figure 18 | Average levels of expression of A) VSG-397 and B) VSG-531 mirror previously 
described population levels of expression of VSG-397 and VSG-531. A bar graph displaying 





Figure 19 | Average levels of expression of A) VSG-1954 and B) VSG-653 mirror previously 
described population levels of expression of VSG-1954 and VSG-653. A bar graph displaying 





Figure 20 | Average levels of expression of VSG-639 mirror previously described population 
level of expression of VSG-639. A bar graph displaying the average percent of expression for the 
VSG-639 calculated for all cells belonging to each interval.   
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Table A1. Genes included in annotated file for single cell RNA-sequencing alignment. Genes 



















Table A2. Statistically significant features of the day zero sample. Genes characteristic of each 
cluster are defined by analysis of variance of the least square mean reads of the cluster compared 
to least square mean reads of all other cells in the time point. Only the genes statistically significant 











































Table A3. Statistically significant features of the day one sample. Genes characteristic of each 
cluster are defined by analysis of variance of the least square mean reads of the cluster compared 
to least square mean reads of all other cells in the time point. Only the genes statistically significant 




















Table A4. Statistically significant features of the day two sample. Genes characteristic of each 
cluster are defined by analysis of variance of the least square mean reads of the cluster compared 
to least square mean reads of all other cells in the time point. Only the genes statistically significant 


















Table A5. Statistically significant features of the day four sample. Genes characteristic of each 
cluster are defined by analysis of variance of the least square mean reads of the cluster compared 
to least square mean reads of all other cells in the time point. Only the genes statistically significant 






































Table A6. D2 BARP cluster compared to D4 BARP cluster. Analysis of variance of the least 
square mean reads of the D2 BARP cluster compared to least square mean reads of the D4 BARP 
cluster. Only the genes statistically significant at a p-value of 0.05 or less and a two-fold change 
or more in either direction are included. The expected relationship for each gene is from Shi et al., 
2018 population-level data. Genes marked “N/A” do not have population-level data. The 





Table A7. D2 mVSG cluster compared to D4 mVSG cluster. Analysis of variance of the least 
square mean reads of the D2 mVSG cluster compared to least square mean reads of the D4 mVSG 
cluster. Only the genes statistically significant at a p-value of 0.05 or less and a two-fold change 
or more in either direction are included. The expected relationship for each gene is from Shi et al., 
2018 population-level data. Genes marked “N/A” do not have population-level data. The 











Table A8. D2 BARP –/mVSG – cluster compared to D4 BARP –/mVSG – cluster. Analysis of 
variance of the least square mean reads of the D2 BARP –/mVSG – cluster compared to least square 
mean reads of the D4 BARP –/mVSG – cluster. Only the genes statistically significant at a p-value 
of 0.05 or less and a two-fold change or more in either direction are included. The expected 
relationship for each gene is from Shi et al., 2018 population-level data. Genes marked “N/A” do 
not have population-level data. The relationship seen in our data is not consistent with population-































Table A9. Statistically significant features of the D0-D4 combined samples. Genes 
characteristic of each cluster are defined by analysis of variance of the least square mean reads of 
the cluster compared to least square mean reads of all other cells in the time point. Only the genes 
statistically significant at a p-value of 0.05 or less and a two-fold change or more in either direction 
were included.   
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